INTRODUCTION
============

Idiopathic pulmonary fibrosis (IPF) is a progressive lung disease characterized by irreversible scarring of the distal lung, leading to respiratory failure and death ([@R1]). Despite substantial progress in our understanding of pulmonary fibrosis in laboratory animals, we have a limited perspective of the cellular and molecular processes that determine the IPF lung phenotype. IPF is still best described by its histopathological pattern of usual interstitial pneumonia (UIP), which includes the presence of fibroblast foci, hyperplastic alveolar epithelial cells that localize adjacent to fibroblastic foci, and a distortion of airway architecture combined with an accumulation of microscopic airway epithelial--lined cysts known as "honeycombs" in the distal parenchyma and the lack of evidence for other conditions ([@R1]).

Evidence for molecular aberrations in the IPF lung have mostly been obtained by following hypotheses derived from animal models of disease, from discovery of genetic associations in humans, or from genes differentially expressed in transcriptomic studies of bulk IPF tissue with limited cellular resolution ([@R2]). Recent studies have demonstrated the value of single-cell RNA sequencing (scRNA-seq) by identifying profibrotic macrophages in lungs of human and mice with pulmonary fibrosis ([@R3]). Here, we harness the cell-level resolution afforded by scRNA-seq to provide an atlas of the extent of complexity and diversity of aberrant cellular populations in the three major parenchymal compartments of the IPF lung: the epithelium, endothelium, and stroma.

RESULTS
=======

We profiled 312,928 cells from distal lung parenchyma samples obtained from 32 IPF lungs (45 libraries yielding 147,169 cells), 18 chronic obstructive pulmonary disease (COPD) lungs (24 libraries yielding 69,456 cells), and 28 control donor lungs \[38 libraries, 96,303 cells; 11 of these control lungs were included in another dataset we recently published ([Fig. 1A](#F1){ref-type="fig"} and table S1) ([@R4])\], identifying 38 discrete cell types ([Fig. 1B](#F1){ref-type="fig"}) based on distinct markers ([Fig. 1C](#F1){ref-type="fig"} and data S2 to S6) with no discernible batch or cell cycle effects on data architecture (figs. S1 and S2). Manually curated cell classifications are consistent with automated annotations drawn from several independent databases (fig. S3). The detailed cellular repertoires of epithelial, endothelial, and mesenchymal cells are provided below. Our data have been deposited on Gene Expression Omnibus (GEO) (GSE136831), and the results can be explored through the IPF Cell Atlas Data Mining portal ([www.ipfcellatlas.com](http://www.ipfcellatlas.com/)) ([@R5]).

![Profiling human lung heterogeneity with scRNA-seq.\
(**A**) Overview of experimental design. (i) Disease lung explants and unused donor lungs collected. (ii) Lungs dissociated to single-cell suspension. (iii) Droplet-based scRNA-seq library preparation (iv) sequencing. (v) Exploratory analysis. (vi) Spatial localization with IHC. (**B**) Uniform Manifold Approximation and Projection (UMAP) representation of 312,928 cells from 32 IPF, 18 COPD, and 28 control donor lungs; each dot represents a single cell, and cells are labeled as one of 38 discrete cell varieties. AT, alveolar type; cDC, classical dendritic cell; pDC, plasmacytoid dendritic cell; M, macrophage; NK, natural killer; ILC, innate lymphoid cell; PNEC, pulmonary neuroendocrine cell; SMC, smooth muscle cell; VE, vascular endothelial. (**C**) Heat map of marker genes for all 38 identified cell types, categorized into four broad cell categories. Each cell type is represented by the top five genes ranked by false discovery rate (FDR) adjusted *P* value of a Wilcoxon rank sum test between the average expression per subject value for each cell type against the other average subject expression of the other cell types in their respective grouping. Each column represents the average expression value for one subject, hierarchically grouped by disease status and cell type. Gene expression values are unity normalized from 0 to 1 across rows within each categorical cell type group.](aba1983-F1){#F1}

The epithelial cell repertoire of the fibrotic lung is markedly changed and contains aberrant basaloid cells
------------------------------------------------------------------------------------------------------------

In nondiseased tissue, we identified all known lung epithelial cells populations, including alveolar type 1 (AT1) and type 2 (AT2) cells, ciliated cells, basal cells, goblet cells, club cells, pulmonary neuroendocrine cells, and ionocytes ([Figs. 1, B and C](#F1){ref-type="fig"}, and [2A](#F2){ref-type="fig"}). The epithelial cell repertoire of IPF lungs is characterized by an increased proportion of airway epithelial cells (IPF versus control Wilcoxon false discovery rate (FDR) adjusted *P* \< 0.05 for basal, ciliated, and goblet cells; data S7 and S12) and substantial decline in alveolar epithelial cells \[Wilcoxon FDR *P* \< 5 × 10^−6^ for AT1 and AT2; [Fig. 2, A and B](#F2){ref-type="fig"}, and data S12\], a pattern consistent with previous reports ([@R6], [@R7]) and further supported by deconvolution of recently published ([@R8]) IPF bulk RNA-seq data that confirmed reduction in genes originating from alveolar epithelial cells in the distal lung in IPF (fig. S4). Impressively, nearly every epithelial cell type we identified exhibited profound changes in gene expression in the IPF lung compared to control or COPD \[data S8 and S10; IPF cell Atlas Data Mining portal ([@R5])\]. Among epithelial cells, we identified a population of cells that is transcriptionally distinct from any epithelial cell type previously described in the lung that we termed aberrant basaloid cells ([Fig. 2C](#F2){ref-type="fig"}). In addition to epithelial markers, these cells express the basal cell markers TP63, KRT17, LAMB3, and LAMC2 but do not express other established basal markers such as KRT5 and KRT15 ([@R9]). These cells express markers of epithelial-mesenchymal transition (EMT) such as VIM, CDH2, FN1, COL1A1, TNC, and HMGA2 ([@R10]), senescence-related genes including CDKN1A, CDKN2A, CCND1, CCND2, MDM2, and GDF15 ([Fig. 2C](#F2){ref-type="fig"}, right) ([@R11], [@R12]), and the highest normalized expression levels across all profiled cell types of established IPF-related molecules, such as matrix metallopeptidase 7 (MMP7) ([@R13]), combined with α~V~β~6~ integrin subunits ([@R14]) and EPHB2 ([@R15]). When assessed by transcription factor motif enrichment, the cells exhibit high levels of expression and evidence of downstream activation of SOX9 ([Fig. 2C](#F2){ref-type="fig"}, top), a transcription factor critical to distal airway development ([@R16]) and repair ([@R17]). No aberrant basaloid cells could be detected in control lungs ([Fig. 2, A and B](#F2){ref-type="fig"}). Of the 483 aberrant basaloid cells identified, 448 were from IPF lungs compared to just 33 cells from COPD lungs, representing 3.5% of all epithelial cells in IPF compared with 1.1% in COPD (χ^2^ *P* \< 2.2 × 10^−16^). We confirmed the presence and localized these cells in the IPF lung by immunohistochemistry (IHC) using p63, KRT17, HMGA2, COX2, and p21 as markers ([Fig. 2D](#F2){ref-type="fig"}; control stains can be found in fig. S5). In IPF lungs, these cells consistently localize to the epithelial layer covering myofibroblast foci. To independently validate our results, we reanalyzed the IPF single-cell data published by Reyfman *et al.* ([@R3]) identifying 80 aberrant basaloid cells, distinguished by a similar marker profile to the cells described herein (fig. S6). We observe greater correlation in aberrant basaloid cells between datasets (Spearman's rho, 0.81) than across epithelial cell types within each dataset ([Fig. 2E](#F2){ref-type="fig"}), confirming our results.

![Identification of aberrant basaloid cells in IPF and COPD lungs.\
(**A**) UMAPs of 21,184 epithelial cells from 32 IPF, 18 COPD, and 28 control lungs labeled by cell type (top left), disease status (bottom right), and subject (bottom right). In the subject plot, each color depicts a distinct subject. (**B**) Boxplots representing the nonzero percent makeup distributions of epithelial cell types as a proportion of all sampled epithelial cells per subject within each disease group. Each dot represents a single subject, and whiskers represent 1.5 × interquartile range (IQR). FDR-adjusted Wilcoxon rank sum test results comparing IPF and control proportions are reported in data S12. (**C**) Heat map of average gene expression and predicted transcription factor activity per subject across each of the identified epithelial cell types. Columns are hierarchically ordered by disease status and cell type. The average gene expression per subject per cell type is unity normalized between 0 and 1 across samples. Top (green): Transcription factor signatures predicted by analysis with pySCENIC ([@R43]), and *z* scores are calculated across samples. Right: Zoom annotation of distinguishing markers for aberrant basaloid cells. (**D**) IHC staining of aberrant basaloid cells in IPF lungs: epithelial cells covering fibroblast foci are p63^+^ KRT17^+^ basaloid cells staining COX2-, p21-, and HMGA2-positive, while basal cells in bronchi do not. (**E**) Correlation matrix of epithelial cell populations were identified and reannotated in an independent dataset ([@R3]) with analogous cell types from our data. Matrix cells are colored by Spearman's rho, and cell populations are ordered with hierarchical clustering. The origin dataset for each cell population is denoted by in the annotation bars.](aba1983-F2){#F2}

The endothelial cell repertoire of the IPF lung contains ectopic peribronchial endothelial cells
------------------------------------------------------------------------------------------------

While changes in vascular endothelium have been long noted in the IPF lung ([@R18]), little is known about their cellular and molecular characteristics. Cluster analysis of vascular endothelial (VE) cells reveal four populations readily characterized as capillary, arterial, or venous VE cells ([Fig. 3, A to C](#F3){ref-type="fig"}). A fifth VE population is best distinguished by its expression of COL15A1. IHC assessment of COL15A1 in healthy lungs obtained from the Human Protein Atlas ([@R19]) suggests that COL15A1^+^ VE cells are restricted to vasculature adjacent to major airways (fig. S7); we consequently refer to these cells as peribronchial VE (pVE). While pVE cells are found in subjects from all disease states, they compose a substantially higher portion of the overall VE makeup within IPF samples compared to controls or COPD (IPF versus control Wilcoxon FDR *P* = 8.06 × 10^−5^, data S12; median percentage among all VE: 54, 8.9, and 7.1%, respectively; [Fig. 3C](#F3){ref-type="fig"}). Localization of pVE cells using the pan-endothelial marker CD31 alongside COL15A1 confirms that, within control lungs, they are confined to bronchial vasculature surrounding large proximal airways ([Fig. 3D](#F3){ref-type="fig"}). In IPF lungs, COL15A1^+^ CD31^+^ VE cells are observed abundantly in areas of bronchiolization and fibrosis ([Fig. 3D](#F3){ref-type="fig"}). Reanalysis of a recently published scRNA-seq dataset that contained normal airway and lung parenchyma samples ([@R20]) confirmed that genes specific to the pVE were not observed in distal lung VE ([Fig. 3E](#F3){ref-type="fig"}). Collectively, these observations indicate that COL15A1^+^ VE cells represent an ectopic pVE population in the distal lung in IPF.

![Identification of disease-enriched VE cell population.\
(**A**) UMAPs of 14,985 endothelial and mesenchymal cells from 32 IPF, 18 COPD, and 27 control lungs labeled by cell type, disease status, and subject. In the subject plot, each color was represented by a unique color. The dotted line delineates the VE cells from the other stromal and endothelial cell types. (**B**) Heat map representing characteristics of five subtypes of VE cells. Gene expression is unity normalized between 0 and 1 across VE cells. Each column represents an individual cell information regarding subject and disease state, and then VE type is represented in the colored annotation bars above. Each subject is represented by a unique color. (**C**) Boxplots representing the nonzero percent makeup distributions of each VE cell type among all VE cells per subject organized by disease group. Each dot represents a single subject, and whiskers represent 1.5× IQR. FDR-adjusted Wilcoxon rank sum test results comparing IPF and control proportions are reported in data S12. (**D**) IHC staining for CD31 (PECAM1) and COL15A1 in control distal lung, control proximal lung, and affected regions of distal IPF lungs. Arrows indicate vessels with positive COL15A1 staining. (**E**) Violin plots of expression of pan-VE markers and pVE-specific markers across VE cells from distal and airway lung samples from independent dataset ([@R20]).](aba1983-F3){#F3}

The IPF lung exhibits disease-related archetypes among fibroblasts and myofibroblasts
-------------------------------------------------------------------------------------

To characterize myofibroblasts and fibroblasts in the IPF lung, we first focused on cell populations characterized by PDGFRB expression and then removed cells characterized as smooth muscle cells (DES, ACTG2, and PLN) or pericytes (RGS5 and COX4I2). This strategy allowed us to identify two stromal populations: fibroblasts, characterized by expression of CD34, FBN1, FBLN2, and VIT and myofibroblasts that consistently express MYLK, NEBL, MYO10, MYO1D, RYR2, and ITGA8, as described in the murine lung ([Fig. 4A](#F4){ref-type="fig"}) ([@R21]). While these features are consistent across both cell populations in IPF and control lungs ([Fig. 4, A and B](#F4){ref-type="fig"}), the IPF lung contains a myofibroblast phenotype enriched with fibrillar collagens, and ACTA2 ([Fig. 4, B to D](#F4){ref-type="fig"}) and a fibroblast phenotype that exhibits increased expression of HAS1, HAS2, FBN1, and the SHH-induced chemokine, CXCL14 ([Fig. 4, B to D](#F4){ref-type="fig"}) ([@R22]). Application of lineage reconstruction technique partition-based graph abstraction (PAGA) ([@R23]) to subclustered population of both cell types ([Fig. 4B](#F4){ref-type="fig"}) reveals that the likelihood of connective structures in phenotype space between fibroblast and myofibroblast is relatively weak (edge confidence \< 0.2), when compared to connectivity within either fibroblast or myofibroblast subpopulations, irrespective of disease state enrichment (edge confidence between 0.3 and 0.6) ([Fig. 4B](#F4){ref-type="fig"}, bottom). Unsupervised pseudotime ordering of cells within each cell type results in an enrichment of cells originating from IPF lungs at the far end of each manifold ([Fig. 4, C to E](#F4){ref-type="fig"}). Cross-subject IPF enrichment analysis of these archetypes demonstrates a high level of significance in myofibroblasts (Wilcoxon rank-sum, *P* = 9.45 × 10^−9^; linear mixed model, *P* \< 1 × 10^−4^) but only a marginal level of significance among fibroblasts (Wilcoxon rank-sum, *P* = 0.0153; linear mixed model, *P* = 0.0645). Spearman correlations between diffusion pseudotime (DPT) distances and gene expression reveal both gradual and stepwise increases in expression of genes commonly associated with activated myofibroblasts ([Fig. 4D](#F4){ref-type="fig"}) or invasive fibroblasts ([Fig. 4E](#F4){ref-type="fig"}) at the IPF edge of each manifold. Together, these results suggest a continuous trajectory toward IPF archetypes co-occurring within fibroblasts and myofibroblasts, but not necessarily across them.

![IPF fibroblast and myofibroblast archetype analysis.\
(**A**) Heat map of unity-normalized gene expression of curated markers observed to delineate myofibroblast and fibroblast; each column is representative of the average expression value per cell type for one subject. (**B**) Top: UMAPs of 6166 myofibroblast and fibroblast cells from 32 IPF, 18 COPD, and 26 control lungs labeled by cell type, disease, and unsupervised Louvain subclusters. Bottom: Partition graph abstraction (PAGA) analysis. Nodes represent subclusters, and edges represent the probability of internode overlap based on the underlying network of cell neighborhoods. (**C**) UMAPs of myofibroblast and fibroblast cells following diffusion map implementation labeled by cell type, disease status, and subject. In the subject plot, each color represents a unique subject. (**D** and **E**) Heat maps of myofibroblast and fibroblast, respectively, with cells ordered by diffusion pseudotime (DPT) distances along UMAP manifolds representing the continuum of observed cellular phenotypes spanning from control-enriched phenotypes toward IPF-enriched archetypes (left to right). The arrows on each UMAP indicate the orientation of DPT cell ordering, matching the arrows above each heat map's annotation bars. The heat map's annotation bars represent the DPT distance, subject, and disease status for each cell. Expression values are centered and scaled across cells within each cell type.](aba1983-F4){#F4}

A profibrotic macrophage archetype overshadows the IPF lung immune landscape
----------------------------------------------------------------------------

We identify 18 distinct varieties of immune cells ([Fig. 5A](#F5){ref-type="fig"}) represented in samples from multiple subjects across all disease conditions. The proportion of Langerhans dendritic cell and regulatory T cells is elevated in IPF compared to control (2.3- and 1.9-fold change, respectively; [Fig. 5B](#F5){ref-type="fig"}); however, these differences do not reach significance at the multicomparison adjusted *P* value threshold (FDR *P* = 0.078 and 0.054, respectively). We observed IPF-specific macrophages similar to those observed by two previous reports ([@R3], [@R7]). To further elaborate on the features of these cells, we applied archetype analysis in a ternary fashion to classical monocytes, the profibrotic IPF macrophage archetype, and a control-enriched, largely subject-specific, inflammatory macrophage archetype ([Fig. 5, C to E](#F5){ref-type="fig"}). As previously reported ([@R7]), we observe both a gradual and sequential shift in associated features along the IPF macrophage archetype as it approached its most extreme terminus ([Fig. 5, D and E](#F5){ref-type="fig"}), SPP1 and cholesterol esterases lipoprotein lipase and LIPA expression steadily increasing in expression relatively early along the trajectory, ECM remodeling genes SPARC, GPC4, PALLD, CTSK, and MMP9 ramping up in expression further along the manifold. At the terminus of the IPF archetype, macrophage start expressing CSF1, suggesting the possibility of an autocrine feedback loop for recruitment and activation.

![Immune analysis confirms profibrotic macrophage archetype in IPF.\
(**A**) UMAP of 271,481 immune cells from 32 IPF, 18 COPD, and 28 control lungs labeled by cell type. (**B**) Boxplots representing the nonzero percent makeup distributions of individual varieties of immune cell as a proportion of all immune cells per subject within each disease group. Each dot represents a single subject, and whiskers represent 1.5 × IQR. FDR-adjusted Wilcoxon rank sum test results comparing IPF and control proportions are reported in data S12. (**C**) UMAPs of 124,470 classical monocytes and monocyte-derived macrophage cells from 32 IPF, 18 COPD, and 28 control cells labeled by cell type, disease, and subject. Each color represents a unique subject. (**D**) Archetype analysis of classical monocytes and two macrophage archetypes. Cells are assigned colors along three gradients with a ternary plot based on each cell's relative DPT distance from three reference points in the UMAP: a monocyte terminus (1, cyan), an inflammatory macrophage archetype (2, yellow), and a profibrotic, IPF-enriched macrophage (3, magenta). Distance color assignments are also projected onto cells for UMAP visualization. UMAP arrows represent the orientation of DPT cell ordering at each terminus and match the arrows above the heat map annotation bar. In the heat map, each column represents a single cell whose respective subject, disease, and DPT color assignment are in the annotation bar above. Macrophage cells belonging to two separate, single-subject--enriched archetypes are removed from analysis. (**E**) UMAPs of monocyte and macrophage cells colored by gene expression values of features that are associated with increasing aberrancy along the IPF archetype manifold.](aba1983-F5){#F5}

The IPF lung gene regulatory network deviates markedly from controls
--------------------------------------------------------------------

To better understand how lung global regulatory networks were altered in IPF, we implemented the gene regulatory network (GRN) inference approach bigSCale ([@R24]) to control and IPF cells ([Fig. 6A](#F6){ref-type="fig"}). The topology of the IPF GRN exhibited a relatively higher density, as reflected by gene-gene relationships and modularity and as reflected by more within-community connections than cross-community connections compared to control GRN ([Fig. 6B](#F6){ref-type="fig"}). Comparing the array of cellular contributions to communities that compose each GRN, we found that control GRN communities show a relatively diverse array of cellular contributions both within communities and across them, consistent with organ function in the nonfibrotic lung ([@R4]). In IPF GRN, the major epithelial-associated communities remain largely isolated from the rest of the network whose community with the highest density is predominantly driven by aberrant basaloid cells ([Fig. 6C](#F6){ref-type="fig"}). To assess the biological relevance of the differences between the two networks, we investigated the major distinguishing variables delineating their topology. Using PageRank centrality as a proxy for a gene's influence on the network, we identified the top 300 influencer genes ranked by PageRank differential compared to the control GRN ([Fig. 6D](#F6){ref-type="fig"}). Gene set enrichment of these genes returned biological features including cellular aging, senescence, response to TGFB1, epithelial tube formation, and smooth muscle cell differentiation ([Fig. 6E](#F6){ref-type="fig"}) consistent with current mechanistic paradigms. These findings underscore the heterotypic cellular contributions to the many key processes of molecular aberrations in IPF.

![GRN analysis of IPF and control lungs.\
(**A**) Overview of bigSCale method for computing **GRN**. (i) Cells are recursively clustered down to subclusters. (ii) *Z* scores are calculated on the basis of differential expression between subclusters (iii) correlations between all genes via Pearson and cosine. (iv) Correlation edges are thresholded using the top 99.3% quantile of correlation coefficients; only edges where at least one node has a Gene Ontology (GO) annotation as a gene regulator. (**B**) Summary of network structure for control and IPF GRNs. (**C**) GRNs of control and IPF lung cells. Nodes represent genes, and edges represent correlations of putative regulatory relationships. Nodes sizes correspond to PageRank centralities, and the largest clusters are assigned colors to their nodes, with each color representing a distinct cluster. The top cell types relevant to each highlighted cluster are shown. Behind each highlighted cluster is a polygon shape covering the domain of the cluster colored by the category of cell type that is predominantly relevant to the community. (**D**) The same GRNs with the top 300 nodes ranked by differential PageRank centrality between IPF and control highlighted in red. Node sizes correspond to PageRank centralities. (**E**) Selected results from GO gene set enrichment of the top 300 differential PageRank nodes between IPF and controls, with all nodes used as a reference. TGF-β, transforming growth factor--β; BMP, bone morphogenetic protein.](aba1983-F6){#F6}

DISCUSSION
==========

In this study, we provide a single-cell atlas of the IPF lung with a focus on aberrant epithelial, fibroblast, and endothelial cell populations. Among epithelial cells, we discover a shift in epithelial cell population composition in the distal lung, from alveolar epithelial cells toward enrichment in cell populations that typically reside in the airway. We identify the existence of aberrant basaloid cells, a rare, disease-enriched and previously unidentified epithelial cell population, that coexpress basal epithelial markers, mesenchymal markers, senescence markers, developmental transcription factors, and known markers of IPF and are located at the edge of myofibroblast foci in the IPF lung. Analysis of VE cells reveals an expanded VE population expressing markers usually characteristic of VE cells restricted to the bronchial circulation. This population localizes to areas of remodeling and aberrant angiogenesis in the distal lung parenchyma in IPF is restricted to the airways in the normal lung and represents a previously unknown cellular aberration in IPF. Among stromal cells, we identify two independent fibrotic archetypes associated with stromal populations present in the normal lung: invasive fibroblasts likely related to resident lung fibroblasts and IPF myofibroblasts related to resident normal lung myofibroblasts. The extent of the impact of aberrant cell populations on the phenotype of the IPF lung is highlighted by our GRN analysis that reveals a shift from a balanced multicellular GRN in the homeostatic lung to a fragmented network dominated by the aberrant basaloid cells, the IPF fibroblasts, and myofibroblasts.

The involvement and extent of aberrations of epithelial cells in the human IPF lung have been under substantial scrutiny and debate since the introduction of the epithelial paradigm of IPF ([@R25]). In our paper, we provide the most detailed and extensive profile of epithelial cells in IPF. This profile allows us to provide cellular detail to "bronchiolization," a term often used by pathologists with regard to the IPF lung, and it is impressive. AT1 and AT2 that constitute a substantial fraction of epithelial cells in the distal normal lung seem to be replaced with cells usually restricted to the proximal lung and to the airways. Of particular interest is the increase in airway basal cells, a population of airway epithelium progenitor cells critically important in lung development and capable of differentiating into any type of airway cells ([@R9]). We and others have previously found that airway basal cell were abundant in the areas of remodeling in the IPF lung and potentially indicative of a graver outcome ([@R26], [@R27]). Our results support these findings but point to a population of cells that could potentially be confused with airway basal cells if a limited combination of markers is used. These are the aberrant basaloid cells, a rare population of cells that are unique in several ways. First, these cells never appear in control lungs and are detectable in some COPD lungs but are observed in nearly every IPF lung we tested, suggesting that they are a feature of the disease. Second, while they express some of the most typical airway basal cell markers (TP63, KRT17, and LAMB3 LAMC2), they seem to have lost others (KRT5 and KRT15) ([@R9]) and express SOX9, a transcription factor critical to distal airway development and repair ([@R16], [@R17]). Third, these cells seem to be undergoing EMT, they express mesenchymal markers (COL1A1, CDH2, and HMGA2) and have lost the expression MIR205HG, a gene containing mir-205 and a gatekeeper against EMT ([@R28]). Fourth, they express multiple markers of senescence (CDKN1A, CDKN2A, MDM2, and GDF15) ([@R11], [@R12]). Last, these cells are the highest expressers of genes implicated in the pathogenesis of IPF such as AVB6 ([@R14]), MMP7 ([@R13]), GDF15 ([@R12]), and EPHB2 ([@R15]). Anatomically, these cells localize to a highly enigmatic region in the IPF lung at the active edge of the myofibroblast foci as we have demonstrated using a combination of markers including p16 (CDKN2A), p21 (CDKN1A), HMGA2, COX2 (PTGS2), p63(TP63), and KRT17. Thus, the identification of these cells may provide a critical answer to the question of the monolayer of cuboidal epithelial cells found on the surface of IPF myofibroblastic foci. Sometimes referred to as hyperplastic alveolar epithelial cells ([@R25]), these cells have been a source for controversy because they seemed to have acquired mesenchymal features and lost some epithelial features, suggesting active EMT ([@R29]), a finding not supported by lineage tracing experiments in animal models of disease ([@R30]). Our results suggest that myofibroblast foci are lined by a layer of aberrant basaloid cells that exhibit EMT features, are capable of activating TGFB1 locally through their integrin repertoire, and are partially senescent but still maintain progenitor features. Our findings concur with *Chilosi et al*. that described the epithelium of active fibroblastic foci as decidedly bronchiolar ([@R26]) and subsequently showed WNT signaling targets CCND1 and the IPF biomarker MMP7 associated with atypical p63^+^ cells in affected regions of the IPF lung ([@R31]). While it is impossible to fully ascertain the origin of this population, it seems that it is distinct from resident alveolar epithelial cell populations and perhaps derived from a rare progenitor niche with the potential to serve as secondary progenitor for depleted AT1 and AT2 cells in normal human lungs, much like bronchoalveolar stem cells are known to do in the murine lung ([@R30], [@R32]). In IPF, repeated damage and potential genetic predisposition to replicative exhaustion could perhaps lead to the conflicting state of proliferation, differentiation, and senescence apparent in these aberrant basaloid cells. Speculation aside, the discovery that the cells lining myofibroblast foci are fundamentally basaloid in nature, as well as the expansion of regular airway basal cells in the IPF lung serves to couple the two most distinct histopathological features of IPF---fibroblastic foci and honeycomb cysts---to a singular commonality: the manifestation of cells with proximal airway epithelial features in the distal lung.

Our analysis of VE cell populations in the IPF lung has led to a completely unexpected observation. With few exceptions, assessments of vascular remodeling in IPF have primarily focused on pulmonary capillary displacement by nonvascularized patches of fibroblastic lesions with inconclusive observation about potential changes in angiogenesis ([@R33], [@R34]). The absence of discriminating markers for lung VE cells and the difficulty in culturing these cells have limited investigations into vascular remodeling in IPF. We identified an expanded VE cell population that expresses COL15A1 in the IPF lung, which are transcriptomically indistinguishable from systemically supplied bronchial VE cells detected in control lungs. IHC reveals that these cells can readily be found in affected regions in the distal IPF parenchyma. Reanalysis of a publicly available dataset ([@R20]) revealed that these cells in the normal lung are restricted to the peribronchial vasculature and are never seen in the lung parenchyma. It is possible that our discovery provides the cellular molecular correlate of Turner-Warwick's 1963 observation that the bronchial vascular network is expanded throughout the IPF lung ([@R35]). While it is impossible at this stage to tell whether the ectopic presence of pVE cells is involved in the pathogenesis of clinical manifestations of IPF, this novel finding fits a larger pattern in the IPF lung described previously, the cellular proximalization of distal lung, and highlights the importance of studying the vascular endothelium in the IPF lung.

Integral to the discussion of the lung phenotype in IPF are the notions of fibroblast activation and myofibroblast accumulation. Unexpectedly, despite notable progress in description of the molecular and metabolic changes required to drive a fibrotic profile of fibroblasts in vitro or in animal models of disease ([@R36]), little is known about the diversity of cellular populations in the IPF lung. This is because of the lack of specific markers for the distinct populations, as well as the phenotypic changes fibroblasts undergo during the common culturing methods ([@R37]). While it is well recognized that lung fibroblast populations demonstrate considerable plasticity ([@R36]--[@R38]), cell types are traditionally defined by the presence of a singular molecular feature. One relevant example is the use of ACTA2 to define the IPF myofibroblast that comprise the disease's lesions. The cellular source of this pathological cell population remains a matter of considerable debate. scRNA-seq analysis provides a more comprehensive view of cellular identity, where global transcriptomic features, rather than singular cell markers, are exploited to define cells and assess the extent of population variance. Our analysis suggests that pathological, ACTA2-expressing IPF myofibroblasts are not a discrete cell type, but rather one extreme pole of a continuum connected to a quiescent ACTA2-negative stromal population represented in control lungs. This population consistently expresses other genes associated with muscle like MYLK, NEBL, MYO10, and MYO1D, suggesting that the pathological phenotype observed in IPF is an extended, disease-related feature of this population, rather than the result of transdifferentiation from a discrete cellular population. The coexistence of normal and disease-relevant cell populations concomitantly provided us with an opportunity to use computational tools to try and determine what is the source of these populations within the human IPF lung, and we did not observe any evidence suggesting that resident lung fibroblasts or activated fibroblasts were the source for IPF myofibroblasts.

Our study is not without limitations. The dissociation bias intrinsic to all single-cell tissue experiments may lead to spurious changes in cell distribution and limits our ability to provide an exact numeric description of the changes in cell populations across diseased conditions. We addressed that using several strategies. The first and most important was that all samples were handled exactly the same way, obtained from the distal lung, and dissociated following a protocol specifically designed to allow storage of dissociated tissues, enhance viability, and reproducibility ([@R39]). The use of stored tissues also allowed us to run multiple samples at the same time and minimize batch effects. The second was the use of multiple lines of evidence, including detailed immunohistochemical validation of our findings and reanalysis of different datasets. Thus, in the case of the aberrant basaloid cells and ectopic pVE, we demonstrated their presence in IPF tissues by immunohistochemical analysis and by demonstrating their presence in independent single-cell datasets. We also confirmed the changes in cell subpopulations within epithelial or stromal cell populations by applying deconvolution techniques. Despite these reassuring confirmatory findings, we believe that the changes in cellular proportions reported by us need to be taken as estimates and not as accurate numeric estimations. Another important limitation is again common to studies similar to ours, which is the difficulty in distinguishing transient cellular states from distinct populations. We applied state of the art computational and immunohistochemical approach to ensure that the results we report represent cellular entities that are in existence in the IPF lung, but at this stage, we do not have any way to determine whether those cellular entities are involved in the pathogenesis or clinical manifestations of IPF. However, we believe that the availability of our data will allow follow up studies that will directly assess the role of these cell populations in pulmonary fibrosis. Another important limitation was the use of explanted tissues from patients who underwent lung transplant. Naturally, these tissues represent the end stage of the disease and not early stages. To control for the effects of end stage lung disease, we used explanted lungs from patients with COPD; this allowed us to rule out that the changes we observed were not simply due to the nonspecific effects of the end stage lung. This was extremely helpful in the case of the IPF fibroblast cell populations, the aberrant pVE cells, and the bronchiolization of the epithelial cell repertoire in IPF. It was not helpful in the case of the aberrant basaloid cells, as we could find 33 such cells in COPD lungs. The aberrant basaloid cells were significantly rarer in COPD lungs but could represent common lung pathology to IPF and COPD. COPD and IPF are both associated with age, smoking, accelerated cellular senescence, and a progressive loss of alveolar epithelium. While the pathological manifestations of these diseases are exceedingly different, a common niche of aberrant senescent cells representing a failed repair process is a possibility. Further studies are needed to assess whether metaplastic basaloid cells can be implicated in COPD pathogenesis.

Our results provide a comprehensive portrait of the fibrotic niche in IPF, where aberrant basaloid cells interface with myofibroblast foci, forming a lesion vascularized by ectopic bronchial vessels in the presence of profibrotic monocyte-derived macrophage. The identification and detailed description of aberrant cell populations in the IPF lung may lead to identification of novel, cell type--specific therapies and biomarkers. Last, our IPF cell atlas ([@R5]) provides an interactive and highly accessible resource to allow the exploration of cell specific changes in gene expression in lung health and disease and thus accelerate discovery and translation.

MATERIALS AND METHODS
=====================

Sample preparation for single-cell sequencing
---------------------------------------------

All lung explants from the three conditions (control, COPD, and IPF) were processed following the same protocol. Explanted organs were longitudinally sliced and washed with cold sterile phosphate-buffered saline (PBS). Three to four longitudinal biopsies, which contained tissue representation from apical to most basal segments of the lung, were selected for further processing. Total tissue collected from each explant was on average 150 g. Visible airway structures, vessels, blood clots, and mucin were removed. Lung specimens were minced mechanically into small pieces (\<1 mm^3^) and then incubated for 45 min in 37°C in modified medium containing Dulbecco's modified Eagle's medium (DMEM)/F12K with added digestion enzymes \[elastase (30 U/ml; Elastin Products Company, Owensville, MO), deoxyribonuclease I (0.2 mg/ml; Sigma-Aldrich, St. Louis, MO), liberase (0.3 mg/ml; Roche, Basel, Switzerland), and 1% penicillin/streptomycin\]. Digested tissue was filtered using a metal strainer. Unfiltered tissue was incubated a second time in digestion medium for 30 min, followed by repeat filtration. Fetal bovine serum (FBS) (10%) was added to the flow through to stop the enzymatic reaction. Product from filtration was centrifuged at 300*g* at 4°C for 10 min to collect cells dissociated from the tissue. Cell pellets were resuspended in red blood cell lysis buffer (VWR International, Radnor, PA) for 3 min in 37°C and centrifuged again. The pellet was resuspended in DMEM/F12 medium and filtered using a 100-μm strainer. Cells were resuspended in freezing medium (10% FBS and 10% dimethyl sulfoxide in DMEM/F12), aliquoted, and stored in liquid nitrogen.

Samples were thawed in a water bath at 37°C, filtered through a 100-μm cell strainer (Thermo Fisher Scientific, USA), and rinsed with 20 ml of cold (4°C) PBS and 10% heat-inactivated FBS (both Life Technologies, USA). Cell suspensions were centrifuged at 300*g* for 5 min at 4°C. Supernatant was discarded, and cells were resuspended in 200 μl of dead cell removal microbead solution and incubated at 4°C for 15 min. Two milliliter 1× binding buffer was added, and cell suspensions were passed through a 70-μm cell strainer (Thermo Fisher Scientific, USA) and loaded with 500 μl of 1× binding buffer onto a prewashed MS column (Dead Cell Removal Kit and MS columns, Miltenyi Biotec, USA). Cell suspensions passed through the MS columns, and then the columns were rinsed with 2 ml of 1× binding buffer. Cell suspensions were centrifuged at 300*g* for 5 min at 4°C, the supernatant was discarded, and the cells were resuspended in 1 ml of PBS and 0.04 % BSA (New England Biolabs, USA). Cell suspensions were passed through a final 40-μm cell strainer (Thermo Fisher Scientific, USA). For cell concentrations and viability, cells were stained with Trypan blue and then counted on a Countess Automated Cell Counter (Thermo Fisher Scientific, USA). The average recorded cell viability was 80.86 ± 8.54%.

Single-cell barcoding, library preparation, and sequencing
----------------------------------------------------------

Single cells were barcoded using the 10× chromium single-cell platform, and complementary DNA (cDNA) libraries were prepared according to the manufacturer's protocol (Single Cell 3′ Reagent Kits v2, 10× Genomics, USA). Cell suspensions, reverse transcription master mix, and partitioning oil were loaded on a single-cell "A" chip with a targeted cell output of 10,000 cells per library, assuming 100% viability, and then run on the Chromium Controller. Reverse transcription was performed within the droplets at 53°C for 45 min. cDNA was amplified for 12 cycles total on a Bio-Rad C1000 Touch thermocycler. cDNA size selection was performed using SPRIselect beads (Beckman Coulter, USA) and a ratio of SPRIselect reagent volume to a sample volume of 0.6. cDNA was analyzed on an Agilent Bioanalyzer High Sensitivity DNA chip for qualitative control purposes. cDNA was fragmented using the proprietary fragmentation enzyme blend for 5 min at 32°C, followed by end-repair and A-tailing at 65°C for 30 min. cDNA were double-sided size selected using SPRIselect beads. Sequencing adaptors were ligated to the cDNA at 20°C for 15 min. cDNA was amplified using a sample-specific index oligo as a primer, followed by another round of double-sided size selection using SPRIselect beads. Final libraries were analyzed on an Agilent Bioanalyzer High Sensitivity DNA chip for qualitative control purposes. cDNA libraries were sequenced on a HiSeq 4000 Illumina platform aiming for 150 million reads per library and a sequencing configuration of 26 base pair (bp) on read1 and 98 bp on read2.

Fastq generation and read trimming
----------------------------------

Basecalls were converted to reads with the software Cell Ranger's (v2.2) implementation mkfastq. Multiple fastq files from the same library and strand were catenated to single files. Read2 files were subject to two passes of contaminant trimming with cutadapt (v1.17): (i) for the template switch oligo sequence (AAGCAGTGGTATCAACGCAGAGTACATGGG) anchored on the 5′ end and (ii) for poly(A) sequences on the 3′ end. Following trimming, read pairs were removed if the read2 was trimmed below 30 bp.

Cell barcode and unique molecular identifier demultiplexing, alignment, and transcript counting
-----------------------------------------------------------------------------------------------

Subsequent read processing was conducted with the zUMIs pipeline (v2.0). Paired reads were filtered if either the cell barcode or unique molecular identifier (UMI) sequence had more than 1 bp with a phred of \<20. Reads were aligned with STAR (v2.6.0c) to the human genome reference GRCh38 release 91 from ensemble. Collapsed UMIs with reads that span both exonic and intronic sequences were retained as both separate and combined gene expression assays.

Filtering valid cell barcodes and quality control
-------------------------------------------------

Cell barcodes representative of quality cells were delineated from barcodes of apoptotic cells or background RNA based on a threshold of having at least 12% of transcripts arising from intron spanning, or unspliced reads, indicative of nascent mRNA (fig. S8). Cells with less than 1000 transcripts profiled or more than 20% of their transcriptome of mitochondrial origin were then removed. The average number of cells returned per library is 2925 (±1811.852). Sequencing depth comparisons across samples categorized by associated disease state were statistically assessed for disease-associated biases via Kruskal-Wallis test, where differences were observed to be statistically insignificant (*P* value of 0.29; fig. S9A). A detailed summary of the average UMI and gene per cell type per library distribution per disease state is presented in fig. S9 (B and C, respectively).

Gene name conversion
--------------------

Genes were originally output in ensemble gene ID format. To improve the interpretability of the variables without making compromises to sensitivity, we converted ensemble gene IDs to Hugo Gene Nomenclature Committee (HGNC) format using the R package BioMart only when an exact one-to-one translation was available.

Data normalization and cell population identification
-----------------------------------------------------

UMIs from each cell barcode, irrespective of intron or exon coverage, were retained for all downstream analysis. Raw UMI counts were normalized with a scale factor of 10,000 UMIs per cell and subsequently natural log transformed with a pseudocount of 1. Aggregated data were subject to Louvain cluster analysis for cell type identification using the R package Seurat (version 2.3.1). Recursive clustering analysis of subpopulations of pure immune (PTPRC^+^), epithelial and the remaining mesenchymal populations were conducted to improve the granularity of our cell annotations.

Multiplet cell populations were clusters, which were identified as having a transcriptomic signature that resembled the resulting combination of two or more disparate cell type signatures that already existed in the dataset. For each cell population flagged as potential multiplets, a differential expression test was performed comparing the population against their suspected combination of cell populations; a confident assessment of multiplet status was made when there were no genes uniquely expressed in the suspected population and no genes represented in the cell combination group that could not be detected in the suspected multiplet population. The average number of multiplets identified per library is 49.33% (±63.8) or 1.29% (±0.95%) of all cells identified in each library. Cell barcodes identified as multiplets were not included in downstream analyses.

Generation of cell type markers
-------------------------------

Cell type marker lists were generated with two separate approaches. In the first approach, we sought to adjust for unbalanced representation of different cell types across subjects and reduce the zero inflation in the data to generate a more reliable *P* value from a differential expression test. We collapsed the gene expression matrix values to one where each column represents average gene expression for a given subject and for a given cell type. To highlight gene expression among relatively similar cell types, we then grouped each cell type into one of four groups: epithelial, stromal/mesenchymal, myeloid, and lymphoid. We then applied the Seurat FindAllMarkers implementation of the Wilcoxon rank sum test for each of these four subsets of cell types to generate separate marker lists for each (data S2 to S5).

The second approach to generating cell type markers uses a binary classifier system to assess the utility of detecting a given gene, irrespective of its intensity of expression, for classifying a cell. For each cell type in the data, we identified the genes whose expression was log fold change ≥ 0.3 greater than the other cells in the data. We then calculated the diagnostics odds ratio (DOR) for each of these genes, where we binarize the expression values by treating any detection of a gene (normalized expression value \> 0) as a positive value and zero expression detection as negative. We included a pseudocount of 0.5 to avoid undefined values as$$\text{DOR} = \frac{(\mathit{TruePositives} + 0.5)/(\mathit{FalsePositives} + 0.5)}{(\mathit{FalseNegatives} + 0.5)/(\mathit{TrueNegatives} + 0.5)}$$where TruePositives represents the number of cells within the group detected expressing the gene (value \> 0), FalsePositives represents the number of cells outside of the group detected expressing the gene, FalseNegatives represents the number of cells within the group with no detected expression, and TrueNegatives represents the number of cells outside of the group with no detected expression of the gene. The log transformed DOR marker values are contained in data S6.

Cell population composition comparisons
---------------------------------------

All figures and statistical tests for proportion makeups were performed exclusively with subjects who had nonzero proportion makeups of the given cell type. This choice was made in an effort to be conservative in our estimates, as we typically considered the lack of detection of a given cell type as a technical limitation. Test results reported in data S12 are Wilcoxon rank sum tests of nonzero proportions between IPF and control subjects. We advise caution in the interpretation of these statistics as the model does not account for unbalanced sampling rates of cells across subjects, and the proportion values of any given cell type are not independent of the proportions for any other cell types that belong to the same category.

Differential expression between disease conditions
--------------------------------------------------

A major limitation that persists in scRNA-seq analysis is the lack of a differential expression model that can account for cellular population differences while ultimately testing differences at the level of the subject, rather than treating each individual cell as an independent sample. While we were unable to design a model capable of handling the complex sample hierarchy scRNA-seq, we nonetheless applied a crude method of differential expression.

For each subject and each cell type, the gene expression for each gene was averaged to create a single "sample" representative of an individual. We then applied a Wilcoxon rank sum test between within each cell type and average values from subjects of each disease condition for a total of three comparisons (IPF versus control, COPD versus control, and IPF versus COPD; data S8, S9, and S10, respectively). Cell types with less than five subjects representative of a particular disease condition were not included its analysis.

UMAP visualizations
-------------------

For similarity-based cell network analysis and visualization, we used tools from the Python (version 3.6.8) library Scanpy (version 1.3.7). Uniform Manifold Approximation and Projection (UMAP) figures for all subsets of cells were generated using the same sequence of implementations. Feature selection of the top genes ranked by dispersion (scaled variance/mean) across 20 bins of the expression distribution are identified. The expression values for these genes are then adjusted for differences in total UMI and the fraction of mitochondrial reads across cells during *z* normalization with a maximum absolute *z* score of 10. The scaled values are then subject to principal components analysis (PCA) for linear dimension reduction.

The top principal components are subject to exploratory analysis to identify contributions to variance at the level of library batch, subject, cell type, and disease. In addition, the residuals of each principal component were explored to ascertain functional relevance of the signatures. Feature selection of principal components was conducted on the basis of these analyses, and a shared nearest neighbor network was then created on the basis of Euclidean distances between cells in multidimensional PC space and a fixed number of neighbors per cell, which was used to generate an intermediate two-dimensional (2D) UMAP.

The resulting network was then subject to PAGA using the cell type categories as abstraction nodes. A confidence threshold of cell type interconnectivity was implemented to avoid spurious manifold connections between cell types of disparate lineages. Diffusion maps is then applied for nonlinear dimension reduction on a more limited subset of principal component dimensions, and a new neighborhood graph is then computed on the basis of representations of diffusion map distances. A final 2D UMAP is then generated using the new neighborhood graph distances, initialized by the positions from the thresholded PAGA.

The values for all nondefault parameters used during the generation of each UMAP are represented in data S11; if a parameter is unspecified, then the default Scanpy implementation parameter was used.

Evaluation for the potential influence of outlying subject-specific variation
-----------------------------------------------------------------------------

To ensure that our single-cell analysis was not unduly driven by the outlying characteristics of one or few patient transcriptional profiles, we ran a parallel analysis using deep generative modeling to "correct" for any potentially aberrant subject-specific variational signatures in accordance with the single-cell variational inference (scVI) approach described by Lopez *et al*. ([@R40]). This was implemented through a dedicated python library downloaded from GitHub (<https://github.com/YosefLab/scVI>). We found that, even after applying this "batch effect" normalization, our cluster groups were preserved with high fidelity as evaluated by multiple metrics (fig. S1), reinforcing that outlying subject-specific effects were not driving the results of our analysis.

Evaluation for the potential influence of cell cycle state
----------------------------------------------------------

To further demonstrate the robustness of our approach, we applied a similar method to evaluate for possible data artifacts specific to cell cycle state. In another parallel analysis, we used the approach described by Scialdone *et al*. ([@R41]) to extract G~1~, G~2~-M, and S components from each individual cell before normalization using a set of 94 known cycle-associated genes. We then regressed out for these elements using Scanpy, similar to our approach for mitochondrial RNA, and proceeded with downstream analysis. We found that the G~1~, G~2~-M, and S states were well distributed at both a cluster level and patient level. Furthermore, regressing out the effects of cell cycle state did not meaningfully alter our resulting cluster configurations (fig S4).

Comparison of manual cell annotations with automated methods
------------------------------------------------------------

We compared our manual annotations to those produced through automated classification using SingleR. Strong correlation with manual annotations was found using both the Human Primary Cell Atlas (HPCA) and ENCODE human reference sets across our dataset comparable to the correlation between the HPCA and ENCODE annotations themselves for these cells (fig. S3).

PAGA connectivity analysis of fibroblast and myofibroblast
----------------------------------------------------------

To assess the most likely trajectories of cell progression toward IPF-enriched fibrosis among fibroblast and myofibroblast, we used unsupervised Louvain clustering to generate eight subpopulations, which were then subjected to PAGA analysis to ascertain the most likely intersubcluster trajectories. The edge confidences between each subcluster node for all edges is visualized using the R package igraph (v1.2.4.1).

Scoring of regulon activity
---------------------------

A regulon is a group of target genes regulated by a common transcription factor. To score the activity of each regulon in each nonimmune cell, we used the package pySCENIC with default settings and the following database:

cisTarget databases (hg38\_\_refseq-r80\_\_500bp_up_and_100bp_down_tss.mc9nr.feather, hg38\_\_refseq-r80\_\_10kb_up_and_down_tss.mc9nr.feather), and the transcription factor motif annotation database (motifs-v9-nr.hgnc-m0.001-o0.0.tbl) were downloaded from [resources.aertslab.org/cistarget](http://resources.aertslab.org/cistarget)/, and the list of human transcription factors (hs_hgnc_tfs.txt) was downloaded from [github.com/aertslab/pySCENIC/tree/master/resources](http://github.com/aertslab/pySCENIC/tree/master/resources).

Archetype analysis of fibroblast and myofibroblast
--------------------------------------------------

We observed that many IPF-enriched features in the data were represented by a continuum of increasing phenotypic deviation from controls, rather than discrete features readily amenable to delineation (e.g., cluster analysis) from control-enriched signals. Consequently, we sought to implement archetype analysis of these continua to assess disease-enriched features rather than relying on traditional group-wise comparisons.

We first assessed the most likely trajectories toward fibrotic archetypes among fibroblast and myofibroblast using the DPT implementation from Scanpy to plot the distances along the UMAP manifold toward each archetype's terminus. The same diffusion map component structure used to generate the 2D UMAP visualizations was used for calculating DPT distances. For fibroblast, we took the cell with the highest expression of ITGB1, which lied at the terminus of fibroblast manifold's tendril as the root cell and calculated the relative distances of all other fibroblast cells. We used 1-DPT value for the final distance value ordering and assigned a gradient of colors to cells for the range of 0 to 0.7 to represent each cells distance on the UMAP legend and in the accompanying heat map.

For myofibroblast, we calculated DPT ordering from all three termini in the myofibroblast manifold using the highest MMP11-expressing cell to represent the IPF-enriched terminus, the furthest control cell to represent the control, and COPD-enriched terminus and the furthest cell from 225I to represent the single-subject--enriched terminus. To mitigate the impact on our analysis from the single-subject--enriched archetype, we removed the nearest 500 cells to the subject "225I-" enriched terminus that did not overlap with the nearest 399 cells to the control and COPD-enriched myofibroblast archetype. Among the remaining myofibroblast cells, we used the difference between both 1-DPT distance values from the remaining two nonsubject-specific archetypes as a singular distance vector. A color gradient for the final 1-DPT range of −1 to 1 was then applied to each unfiltered cell in the UMAP legend and accompanying heat map.

For both archetype heat maps, cells were plotted in order of the final 1-DPT values from lowest to highest. A spearman correlation test was conducted between each cell's 1-DPT value and gene expression to ascertain which genes increased or decreased in expression along the manifold and would thus serve as candidate features in the heat map. In addition to each cell's DPT distance value associated color, each cell's respective disease and subject color identity were included in the annotation bar to represent the extent of disease enrichment and subject-level contribution to the feature.

Pseudotime orderings were each subject to statistical assessment to determine whether cells from IPF subjects were enriched at the far end of the DPT ordering results (the rightmost portion of [Fig. 4, D and E](#F4){ref-type="fig"}, heat maps). The first approach was a Wilcoxon rank sum test (performed with the base R "wilcox.test" implementation) between IPF and control for the average DPT distance per subject, with the alternative hypothesis that IPF DPT distribution was right skewed. The second approach was a generalized linear mixed model (performed with the R package nlme v3.1's implementation) applied to the DPT distance of the cells, where disease was a fixed variable and subject was treated as a random variable nested within each disease.

Archetype analysis of classical monocytes and macrophage
--------------------------------------------------------

Among classical monocytes and macrophage, we identified one monocyte archetype connected to distinct four macrophage archetypes: an inflammatory archetype, an IPF-enriched archetype, an outlier mitochondrial transfer RNA (MT-tRNA)--enriched archetype driven by two subjects, and another outlier archetype driven by two separate subjects characterized by heat shock protein expression. 1-DPT distance values for all monocytes and macrophage were calculated from each archetype terminus as described for fibroblast and myofibroblast. We removed 1700 and 5800 most proximal cells to the MT-tRNA and heat shock protein archetypes, respectively, to avoid contributions from outlier signals.

Following outlier removal, the 1-DPT distances values from the monocyte, inflamed macrophage and IPF-enriched macrophage were each independently unity normalized to values between 0 and 1. Distances along the three normalized trajectories were then used plot the cells in a ternary plot using the R gglot2 extension package tricolore (v1.2.0) to assign a color to each cell based on its relative proximity to each of the three archetype termini, which is visualized in both the UMAP color legend and ternary plot legend itself. The 15,000, 20,000, and 25,000, closest cells to the monocyte, inflamed macrophage and IPF-enriched macrophage archetype, respectively, were then selected for correlation analysis between 1-DPT values from each respective trajectory and gene expression to assess candidate genes for plotting the heat map.

GRN construction
----------------

GRNs for both control and IPF cell populations were generated using the R package bigSCale2 ([@R24]). Control and IPF cells were split, and for each disease state, cells were randomly down-sampled using Seurat's SubsetData implementation (seed = 7) to a maximum of 500 cells per cell type, resulting in 10,560 cells from control and 15,388 cells from IPF. The resulting matrices were then filtered to remove genes with ensembl identifiers and passed to bigSCale2, where both networks were constructed under the "normal" clustering parameter, with an edge cutoff of the top 0.993 quantile for correlation coefficient. Networks were visualized with the R package igraph, and each network's layout is derived from 10,000 iterations of the Fruchterman-Reingold algorithm and "nogrid" parameter (seed = 7).

Assigning cell relevance scores to GRN communities
--------------------------------------------------

Each GRN was clustered with igraph's "cluster_fast_greedy" function (seed = 7). Similar cell types were collapsed into the groups to avoid excessive phenotypic overlap: all dendritic cells, both macrophage varieties, both monocyte varieties, all T cells, natural killer and innate lymphocytes, both B cell varieties, both secretory, and pulmonary neuroendocrine cell and ionocytes. For each cell type group, we then took the top 500 genes ranked by log(DOR) markers as representative features. The relevance score for each cell type group in a network's community is a *z* score of the cumulative log(DOR) markers that intersect with members of each GRN community, weighted by the gene's normalized PageRank centrality within its community as follows$$\text{PR}_{\text{ij}}^{*} = \frac{\text{PR}_{\text{ij}} - \text{PR}_{\text{min}.j}}{\text{PR}_{\text{max}.j} - \text{PR}_{\text{min}.j}}$$$$\text{CumulativeScore}_{\text{kj}} = \sum\limits_{i \in \text{kj}}\text{log}{(\text{DOR})}_{\text{ik}} \times \text{PR}_{\text{ij}}^{*}$$where PR denotes the PageRank centrality for a node in the network and DOR is the diagnostic odds ratio classifier calculated earlier in the cell type marker list. Given *i* genes, *j* communities, and *k* cell type groups, let $\text{PR}_{\text{ij}}^{*}$ denote the normalized PageRank value for each gene *i* (*i* = 1, ..., I) within its respective network community *j* (*j* = 1, ..., J), let log(DOR)*~ik~* be the natural log transformed DOR for gene *i* that belongs to cell type group *k* (*k* = 1, ..., K), let *i* ∈ *kj* represent the intersection of genes from cell type group *k* and GRN community *j*, and let CumulativeScore*~kj~* represents the cumulative relevance score for cell type group *k* in GRN community *j*. Last, the cumulative scores are then converted to *z* scores by centering and scaling across cell type groups within each community, only cell type groups with a relevance score greater than or equal to 1 were retained for annotation of the community. The aberrant basaloid cell type community was excluded from the control GRN analysis because this population of cells was not detected in any control samples.

Immunohistochemistry
--------------------

The FFPE (Formalin fixed paraffin embedded) blocks were cut at 5 μm and then rehydrated using standard xylene/ethanol deparaffinization. For heat-induced antigen retrieval, specimens were boiled at 95°C for 20 min in 1× tris-based Antigen Unmasking Solution (Vector Laboratories, USA). Tissue slides were incubated for 10 min in BLOXALL Endogenous Peroxidase and Alkaline Phosphatase Blocking Solution (Vector Laboratories, USA) to block endogenous peroxidase and alkaline phosphatase activity. Tissue slides were blocked using 2.5% Normal Horse Serum Blocking Solution (Vector Laboratories, USA) for 20 min, then incubated with the primary antibody (data S13), and diluted in 2.5% Normal Horse Serum Blocking Solution for 30 min at room temperature. Specimen were incubated for 30 min with secondary antibodies (anti-mouse or anti-rabbit ImmPRESS reagent, conjugated with horseradish peroxidase or alkaline phosphatase, as appropriate; all Vector Laboratories, USA). Slides were incubated for 10 min in DAB working solution or for 30 min in Vector Reds working solution, as appropriate (both Vector Laboratories, USA). For sequential double stainings, this protocol was repeated from the protein-blocking step on using the alternative enzyme and substrate reagents. Tissue slides were counterstained in Hematoxilin Solution Gill no. 1 (Sigma-Aldrich, USA) for 3 min and then washed with tap water. For permanent mounting, specimens were dehydrated in ethanol/xylene and then mounted with VectaMount permanent mounting solution (Vector Laboratories, USA). Stained slides were digitalized on a Aperio Scanner (Leica) and then analyzed using the softwares QuPath and ImageJ.

Independent validation of COL15A1 protein expression in pVE cells
-----------------------------------------------------------------

Images of COL15A1 immunohistochemical stainings of lung parenchyma and bronchi specimens (fig. S7) were downloaded from the Human Protein Atlas \[([@R19]); [www.proteinatlas.org/ENSG00000204291-COL15A1/tissue](https://www.proteinatlas.org/ENSG00000204291-COL15A1/tissue)). All specimens had been stained using the polyclonal antibody HPA017915 (Sigma-Aldrich).

Deconvolution of publicly available bulk RNA-seq data
-----------------------------------------------------

Twenty of the 38 cell varieties identified were used on the basis of their anticipated abundance in the lung, relevance to IPF, and low propensity for colinearity spillover problems. A maximum of 250 cells per subject randomly downsampled in R (seed 7) from each of these cell types across IPF and control samples. Cell signature markers were then curated on the basis of their cell specificity and consistency in expression across control and IPF samples alike. Data from GEO accession number GSE134692, representing bulk RNA-seq data from 26 control lung homogenates and 46 transplant stage IPF lungs ([@R8]), were used. Deconvolution was performed with the R package MuSiC ([@R42], [@R43]).
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